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ABSTRACT

The voice pathology identification task has recently gained great attention. However, several research questions
remain open. This study proposes an explainable Al framework to address the implicit role of age in voice pa-
thology recognition and to investigate vocal quality improvement after surgical treatment in organic voice
disorders. The aim is also to define an optimal features subset through predictor importance analysis. A set of 287
patients diagnosed with benign lesions of vocal folds (BLVF) and unilateral vocal fold paralysis (UVFP) was
enrolled. Classification experiments were performed for female (F) and male (M) groups: they aimed at dis-
tinguishing BLVF from UVFP in age-unbalanced (E1) and age-balanced (E2) datasets, differentiating BLVF
subclasses (E3), and detecting pre- and post-treatment conditions (E4). The comparison between E1 and E2
suggests that age does not influence the classification performance. In E1, 76% (F) and 81% (M) accuracies were
obtained. The best features concerned vocal fold dynamics and articulator positioning for F and M datasets. In
E3, an accuracy of 60% was achieved, suggesting that larger datasets are required. In E4, the best models showed
76% (F) and 72% (M) accuracy, with a good sensitivity in detecting pre-treatment patients. The error rate
analysis proved that UVFP was the most misclassified group. Moreover, an agreement between the Al outcome
and perceptual evaluations was detected for misclassified recordings. These results suggest their clinical rele-
vance to highlight key aspects of voice quality recovery and to define acoustic parameters that otolaryngologists
could employ to monitor the patient’s follow-up.

1. Introduction

psychogenic causes (like chronic stress disorders or bipolarity).
The clinical diagnosis of dysphonia is based on the direct inspection

Dysphonia is a medical condition characterised by higher irregular
pitch, lower vocal quality, and loudness concerning gender- and age-
matched normophonic subjects [1], representing one of the most
evident markers of voice disorders. Its prevalence in the adult popula-
tion is estimated between 3 % and 10 % [2-4], but many demographic
factors contribute to the rise of this value. Dysphonia prevalence in
teachers can indeed increase up to 25 % [5], and depends on gender,
with a female/male ratio of 1.5:1 [3]. Moreover, prevalence depends on
etiopathogenesis, which includes tissue infections and surface irritation,
mechanical stress (which may provoke the formation of vocal nodules
and polyps), tissue changes (for instance, cysts), neuromuscular anom-
alies (such as vocal fold paralysis, spasmodic dysphonia or Parkinson’s
disease), cognitive impairment (e.g., Alzheimer’s disease), and
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of the vocal folds by laryngoscopy, which represents the gold standard
method. Here, complementary assessments are proposed to consider the
lack of high- resolution endoscopy in decentralised ambulatories or
primary care units. Moreover, laryngoscopy requires being physically
present in hospitals, which can be demanding for fragile subjects [6] and
in case of worldwide health emergencies such as the COVID-19
pandemic [7].

Several studies reported how voice disorders can significantly hinder
an individual’s quality of life due to impaired communication and lead
to professional and social problems, anxiety, isolation, and depression
[8,9]. Nevertheless, subjects that seek treatment are pretty few, deter-
mining a relevant pathology underdiagnosis [4,10].

Several indirect methods are available to assess voice disorders to
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reduce diagnosis invasiveness and improve tolera- bility [11,12].
Perceptual voice evaluation is a well-established method typically per-
formed along with laryngoscopy.

Nevertheless, it suffers from inter-rater variability and physicians’
experience limitations [13].

Another objective method to evaluate voice features combines
acoustic analysis based on the parametrisation of voice and speech
production through linear and nonlinear signal processing methods and
artificial intelligence (AI) techniques. This combined approach would
allow the development of reliable tools to support diagnosis, monitor
vocal properties after surgical or logopedic treatments, and detect early
symptoms of voice pathology. As pointed out by Godino-Llorente et al.
[1], one of the first aspects to consider for the development of automatic
systems of voice analysis is the choice of the input utterance, which
indeed plays an essential role in feature extraction, and it is strongly
related to the type of pathologies of interest. Most studies rely on the
analysis of the sustained vowel /a/ as its phonation requires a relaxed
and open vocal tract and stable tongue and jaw position [14]. It also
demonstrated relative independence from intonation, dialects, and
language [1]. However, using a single vowel might not fully reflect voice
characteristics. Furthermore, it does not account for some aspects of
speech production that other tasks may reveal [6]. Therefore, other tasks
have been proposed, such as:

e Running speech. It contains important information about voice
breaks, onset, and offset. It can be crucial for pathology detection and
identification. Ali et al. [6] extracted linear prediction coefficients
(LPC) from spontaneous speech and achieved high performances
with a Gaussian Mixture Model in distinguishing healthy and disor-
dered speech. Godino-Llorente et al. [15] have obtained similar re-
sults using features extracted from the standardised “Rainbow
Passage” and implementing a multilayer perceptron.

Number listing task for the evaluation of coarticulation. Frassineti
et al. [16] demonstrated that acoustic parameters and entropy in-
dexes can discriminate vocal phenotypes of patients diagnosed with
genetic syndromes. In contrast, Ali et al. [17] computed voice con-
tour measures and successfully used them as features in a support
vector machine (SVM) to separate pathological and healthy subjects.
Diadochokinetic task. It assesses the ability to perform the cycles of
articulatory movements necessary to form syllables consisting of a
consonant and a vowel [18]. Usually, it consists of several consecu-
tive repetitions of the /pa/, /ta/, /ka/ syllables. This task was
administered to detect and evaluate the severity degree of Parkin-
son’s disease [19,20] and motor speech disorders [21].

From these tasks, voice pathology classification systems extract a set
of parameters that can be conventional acoustic features (e.g., funda-
mental frequency, jitter, shimmer, harmonic-to-noise ratio), mel-
frequency cepstrum coefficients (MFCC) and other parameters (as
linear predictive coding coefficients or high-order statistics) to distin-
guish vocal properties of healthy and pathological subjects [10,22-24].
In this binary problem, performance has achieved high accuracy (up to
95 % [24]). Moreover, the increasing availability of large databases has
led to a wide application of deep learning approaches to classify motor
imagery from EEG patterns [25,26], to detect cardiovascular diseases
[27] and also voice pathologies [28], as well as depression [29] and
Parkinson’s disease [30] from acoustic recordings. However, properly
tuning these models to obtain reliable performance remains challenging
as, especially in the healthcare domains, acquiring an adequate sample
size may not be guaranteed due to recording difficulties and the rarity of
specific pathologies [31]. This is one of the reasons machine learning
still represents a robust and feasible methodology for data analysis.

Al-based methods can also be used to develop automatic tools to
support the differential diagnosis of voice disorders. Relevant advances
in the voice disorder identification task were achieved at the FEMH 2018
challenge and the 2019 IEEE BigDataCup. Degila et al. [32] used MFCC
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and Support Vector Machine (SVM) to discriminate nodules, polyps, and
cysts (collectively referred to as a single class), unilateral vocal fold
paralysis (UVFP), and glottis neoplasm on a small cohort of patients,
obtaining 97 % sensitivity. These promising results led to more detailed
research. Miliaresi and Pikrakis [33] have used these same limited data
to develop a four-class deep learning model that achieved 64 % accu-
racy. Harar et al. [34] extracted conventional acoustic features, spec-
trogram parameters, and MFCC from the sustained /a/ of patients
affected by several voice disorders contained in the Saarbriicken Voice
Database [35] and obtained an F1-score of 73 % in separating them into
different classes, with an XGBoost Tree. Finally, Marchese et al. [36]
performed an exploratory analysis by implementing an SVM classifier to
separate nodules, polyps, cysts, and Reinke’s oedema that obtained 55 %
accuracy for female patients.

Consequently, research is moving toward making black-box models’
output more understandable since experts need more information to
make a decision, and a simple binary prediction is insufficient to be
accepted as clinically relevant. Most of these papers mainly concerned
methodological approaches. Indeed, they focused on feature extraction
and selection methods and designing machine or deep learning frame-
works to increase performance. Notable results have been achieved to
the detriment of explainability, which has rarely been addressed. This
represents a critical issue since a technique which is not directly inter-
pretable and trustworthy can pose a major threat to the usability of Al-
based methods [37]. It is especially true in the healthcare domain, where
decision support systems are based on data that are often limited,
imbalanced, heterogeneous and noisy [38]. Therefore, to be considered
practical tools and to avoid limiting their effectiveness, explainable Al
(XAI) has been proposed to allow field experts to understand and
manage Al model development and results. Two different types of XAI
approaches can be defined [37,39]:

e Post-hoc techniques that provide text, visual or local explanations to
allow model interpretability. In voice analysis, permutation feature
importance and Shapley values were used to understand which
acoustic features were considered relevant by machine learning
models to separate patients diagnosed with polyps and UVFP [40].
Shapley values were also computed to find acoustic parameters able
to detect Parkinson’s disease in patients’ standardised speech [41].
Furthermore, the Local-Interpretable Model-agnostic Explanation
method was implemented to evaluate the relationships between
perceptual and objective assessment of spasmodic dysphonia [42].
These techniques were originally proposed for machine learning
models, and research is now starting to modify and implement them
also in deep learning-based approaches [43-45]. However, more
work is needed to validate such methodologies, and their lack of
usage could relevantly hinder this process [43,45].

o Al frameworks that are intrinsically interpretable. Classifiers such as
K-Nearest Neighbors or Decision Trees are commonly used for voice
pathology detection [1]. Still, their explainability is overshadowed
by a usually lower classification performance with respect to more
complex but less transparent models such as Support Vector Machine
or Ensemble Trees classifiers [39].

Moreover, even when interpretability is addressed, and considering
the intended use of computer-aided diagnostic systems, explainability
relies also on extracted features, which should be easily related to
physiological processes. Specifically, it would be important for otolar-
yngologists to understand which acoustic features were considered most
relevant for a classifier for the distinction of two or more classes and that
such metrics could have a reliable physiological meaning (e.g., the first
formant is related to the degree of the pharynx constriction [46]). Such
an approach would make it easier for clinicians to plan intervention and
rehabilitation programs.

Attention to interpretability could also be clinically relevant for
assessing voice quality after surgical, pharmacological, or logopedic
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treatments. Suppa et al. [47] investigated with an Artificial Neural
Network the change in voice quality before and after the injection of
botulinum toxin in patients diagnosed with spasmodic dysphonia. Ben-
soussan et al. [48] used a previously trained classifier on cis-male and
cis-female voices to investigate the efficiency of gender reassignment
therapies on a cohort of trans-female patients. These studies demon-
strated that AI could also be successfully deployed for such purposes.
Still, they need further examination to determine which type of therapy
can restore or achieve proper voice quality or to analyse how vocal
properties change over time.

This study aims to extend previous work [49] on combining acoustic
analysis and machine learning techniques to develop an automatic tool
based on physiologically explainable vocal characteristics. The study
focused on patients diagnosed with nodules, polyps, and cysts (consid-
ered separately and jointly as the class of benign lesions of the vocal
folds, BLVF) and unilateral vocal fold paralysis (UVFP). These two
medical conditions were chosen to test the feasibility of our approach, as
they present very different laryngeal dynamics. Moreover, whether
classifiers could distinguish pathological voices before and after surgical
treatment is investigated. Feature extraction is performed on the sus-
tained vowel /a/ to obtain results comparable with the literature and on
an articulation task as a new approach to voice and speech analysis in
pathology identification. Similarly to [50], it explored if the joint use of
acoustic features extracted from both sustained /a/ and the Italian word
/aiuole/ (IPA transcription: «a’jwole», English translation: «flower-
beds») can lead to improvements in classification performance. Four
experiments were performed separately for both genders to identify
BLVF and UVFP in age-unbalanced and age-balanced models, to recog-
nise BLVF subcategories (i.e., nodules, polyps and cysts) and to char-
acterise pre- and post-treatment voice quality. Moreover, for each
experiment, a thorough model interpretation is performed by identi-
fying which acoustic parameters were considered by models for class
separation and understanding whether these metrics present significant
differences between pathologies employing statistical analysis.

The major contributions of this work follow:

e To evaluate the implicit role of age in the voice identification
problem. Indeed, it is well-known that ageing affects vocal quality.
However, models performing this task have never addressed its po-
tential bias.

e To investigate the capabilities of ML in the BLVF differential diag-
nosis task, which still constitutes a poorly studied research question.

e To explore with ML methods the improvement of vocal quality after
surgical treatment. This is the first time such an approach has been
applied to BLVF and UVFP patients.

These results may be used to develop an automatic tool for voice
pathology identification that could be effective, cheap, and contactless.
This tool may also support otolaryngologists in differential diagnosis
and treatment monitoring.

2. Materials and methods
2.1. Database

This study recruited 287 patients (of which 183 were female F, mean
age = 44.6 + 4.6 years, 104 were male M, mean age = 42.6 + 9.4 years)
at the Ospedale Maggiore Policlinico Milano (Milan, Italy). All patients
underwent both perceptual evaluations of their voice and video-
laryngostroboscopic assessment performed by the same clinician and
in the same hospital. Patients were diagnosed as nodules (15F, 2 M),
polyps (56F, 38 M), cysts (34F, 6 M), and unilateral vocal fold paralysis
(78F, 56 M).

Voice samples were recorded using a C1000S dynamic microphone
(AKG, Vienna, Austria) with a sampling frequency of 44.1 kHz and at a
fixed distance of 5 cm from the patient’s mouth during the phonation, at
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comfortable pitch and loudness of the sustained cardinal vowel /a/ and
the Italian word /aiuole/, which contains all the basic vowels of the
Italian language (IPA transcription: «a’jwole», English translation:
«flowerbeds»). All data was recorded anonymously, and informed con-
sent was obtained from each patient.

Commonly, UVFP patients present a higher mean age than BLVF ones
[51]. In our database, female patients diagnosed with UVFP have a mean
age of 44 years (minimum-maximum range: 19-68), whereas the ones
diagnosed with UVFP present a mean age of 50 years (min-max range:
21-72). For male patients, the mean age for BLVF is 42 years (min-max
range: 19-78), whereas the mean age of UVFP subjects is 51 years
(min-max range: 26-80). After checking for normality of data distri-
bution, we performed either a t-test or Mann-Whitney test with a a-level
of significance at 0.05 to understand whether the age difference between
BLVF and UVFP cohorts is statistically significant. Firstly, the test was
carried out considering all available data. Then, in case of a significant
difference, an age subrange between 18 and 60 years (according to [34])
was selected to get a homogeneous group. The distribution of patients,
for both age inhomogeneous and homogeneous groups, is displayed in
Table 1.

Finally, a dataset of 90 patients’ voices (61F, 29 M) that underwent
medical intervention was available for analysis. These subjects were a
part of the 287 patients database. Audio files were recorded following
the same procedure. A perceptual evaluation with the GRB scale [52]
was performed blindly by a speech therapist with long experience in
voice disorders. The GRB scale is composed of three items:

e G (global grade of dysphonia): the judgement is based on the overall
impression of voice quality deterioration.

e R (Roughness): the impression of irregular FO and noise.

e B (Breathiness): turbulent noise related to air escape through the
vocal folds.

The scores ranged from 0 to 3, where 0 is the rating for the best voice
condition and 3 for the worst one. For some post- treatment subjects,
more than one audio file was recorded after surgery for voice quality
follow-up. Table 2 illustrates the overall number of recordings divided
by gender and vocal task. The number of audio samples for the BLVF
group is reported in brackets.

2.2. Feature extraction

After manual segmentation, audio files were processed using the
open-source BioVoice software [53]. This tool provides a user-friendly
interface that allows selecting the proper frequency range for adults
(distinguishing between male and female as well), children, and new-
borns to perform acoustic analysis. Specifically, it computes several
acoustic parameters in both the time and frequency domain. Table 3
shows those used in this work and their description. Two parameters,
namely TO (FO min) and TO (FO max), were further processed to make
them independent from the total duration of the audio recording.
Therefore, they were normalised with respect to the time duration of the
recording. It allowed obtaining a reliable estimation of the time instant
at which the minimum or maximum of the FO occurs, i.e., at the

Table 1
Patients distribution divided by age, gender and voice pathology. The acronym
y.o. stands for years old.

Female patients Male patients

Pathology =~ Whole 18-60 y.o. age Whole 18-60 y.o. age
database group database group

Nodules 15 7 2 0

Polyps 56 36 38 20

Cysts 34 18 6 4

UVFP 78 43 58 18
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Table 2
Number of post-treatment audio recordings for female and male patients divided
by vocal task type. In brackets, the number of BLVF recordings is reported.

Gender /a/ /aiuole/

F 94 (33) 89 (30)

M 61 (12) 57 (9)
Table 3

Acoustic parameters estimated by BioVoice.

Feature Description

FO mean [Hz]
FO median [Hz]

Mean fundamental frequency
Median fundamental frequency

FO std [Hz] Standard deviation of fundamental frequency

FO min [Hz] Minimum value of the fundamental frequency
TO (FO min) [s] Time instant at which the minimum of FO occurs
FO max [Hz] Maximum value of the fundamental frequency

Time instant at which the maximum of FO occurs
Irregularity of FO in the frequency domain
Normalized Noise Energy

Mean value of the first formant

Median value of the first formant

TO (FO max) [s]
Jitter [%]

NNE [dB]

F1 mean [Hz]
F1 median [Hz]

F1 std [Hz] Standard deviation of the first formant
F1 min [Hz] Minimum value of the first formant
F1 max [Hz] Maximum value of the first formant

F2 mean [Hz]
F2 median [Hz]

Mean value of the second formant
Median value of the second formant

F2 std [Hz] Standard deviation of the second formant
F2 min [Hz] Minimum value of the second formant
F2 max [Hz] Maximum value of the second formant

Mean value of the third formant
Median value of the third formant

F3 mean [Hz]
F3 median [Hz]

F3 std [Hz] Standard deviation of the third formant

F3 min [Hz] Minimum value of the third formant

F3 max [Hz] Maximum value of the third formant

Signal duration [s] Time duration of the audio file

% voiced Percentage of voiced parts inside the whole signal

Voiced duration [s] Total duration of voiced parts

beginning, in the middle, or at the end of each recording.

These features were chosen due to their direct relationship with
physiological processes. Additional parameters such as the ppq5 jitter or
the shimmer were not considered as they would need to be calculated
with other software, e.g., PRAAT [54]. These systems model voice
production differently; therefore, to avoid introducing further vari-
ability in the data, only BioVoice acoustic features were used at this
study stage.

2.3. Machine learning experiments

Machine learning (ML) algorithms were implemented to conduct
four separate classification experiments for female and male datasets.
All signal processing steps were performed in MATLAB 2023a environ-
ment (The MathWorks, Inc., Natick, MS, USA).

All the involved subjects are adults (> 18 years old). However, the
age varies widely (see Database subsection 2.1). Therefore, two exper-
iments were conducted to test whether age could affect the results. The
first concerns a classifier trained with the whole dataset (E1), while the
second considers a subset of subjects aged 18-60 years only (E2). The
outcome will define whether all successive ones will be carried out with
the whole or the restricted database. E1 will also highlight if machine
learning algorithms can distinguish between BLVF and UVFP patients
with acoustic features only.

The third experiment (hereinafter E3) refines the previous ones, as its
purpose is to further separate the BLVF class into three subclasses:
nodules, polyps, and cysts [36]. This experiment was not performed for
the M group as the sample size of the nodule patients is too small (2
subjects only, as shown in Table 1).

The fourth experiment (hereinafter E4) focuses on pre- and post-
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treatment observations to evaluate the efficiency of therapies. Acous-
tic recordings of the same patients before and after treatment were used.
Before treatment, pathological patients are considered in one class,
analogously to the post-treatment ones. Moreover, it has been evaluated
if the models’ errors in the post-treatment class belong to a specific pre-
treatment pathology of the subjects (i.e. if the post-treatment error
referred to a nodule, polyp, cyst, or vocal fold paralysis). This further
analysis evaluated which pathology produced the highest error in the
discrimination between pre and post-treatment. In E4, the identification
tag of each misclassified recording was also stored to investigate a
possible agreement between the Al model’s outcome and the subjects’
clinical voice assessment using the GRB scale [55,56]. A Mann-Whitney
test with significance level o = 0.05 was performed by considering G, R,
and B indices between correctly classified and misclassified audio
recordings.

The following supervised classifiers were considered and validated
using a k-fold cross-validation framework (k = 10) [57]: SVM (with both
linear and Gaussian kernel), Ensemble models (i.e., AdaBoost and
RobustBoost using decision trees as weak learners, for more information
readers are referred to [58,59]), and k- Nearest Neighbors algorithm (k-
NN). Depending on the type of experiment (E1-E4) and the numerous-
ness of each voice pathology condition across genders, Bayesian
hyperparameters optimisation was used to maximise either the accuracy
(ACC) or, in case of an imbalanced number of samples between groups,
the Matthews Correlation Coefficient (MCC). Indeed, the literature
demonstrated that the MCC represents a more reliable metric for micro-
averaging correction in multi-class frameworks. [60]. Specifically, for
El and E2, the ACC was used for hyperparameter tuning, whereas for E3
and E4, the MCC was implemented. During optimisation, the following
hyperparameters were considered:

e For ensemble classifiers: number of learning cycles, minimum leaf
size, the maximum number of splits, learn rate (only for AdaBoost),
robust error goal (only for RobustBoost) and the split criterion (GDI
or deviance). Specifically, the learning rate was evaluated in the
range 0.001-1, the robust error goal between 0.001-0.49, the
number of learning cycles between 10 and 300, the minimum leaf
size between 1 and 50, the maximum number of splits between 1 and
the size of the current training set for each experiment.

e For SVM: box constraint and kernel scale. The box constraint and
kernel scale were evaluated in the 10-5 - 10° range. In the multiclass
experiment (E3) the following coding designs were evaluated: one vs
one, one vs all, binary complete (The MathWorks, Inc., Natick, MS,
USA).

e For k-NN: number of nearest neighbours, distance metrics (Che-

bychev, Euclidean, Minkowski) and distance weights (equal, inverse,

squared inverse). The number of nearest neighbours was evaluated
in the 1-10 range.

Moreover, for all models, the number of features, number of neigh-

bours of ReliefF and misclassification costs were considered in the

optimisation process. Specifically, the number of neighbours of

ReliefF was evaluated in the range 1-15 and the misclassification

costs in the range 1-10.

The number of iterations for Bayesian optimisation was set to 200.
Each predictor was standardised with a z-score procedure during each
cross-validation step for the training and validation sets, according to
the current training statistics, avoiding possible data leakage.

Furthermore, to reduce the number of predictors, the following
feature selection methods were applied: Pearson correlation, ReliefF
[61], LASSO [62], and mrMR [63]. More precisely, before ReliefF,
LASSO, and mrMR, the highly correlated predictors were removed from
the training and validation set, retaining only those with an absolute
Pearson correlation coefficient (PCC) < 0.8 in the training set [64].
When ranked by the considered feature selection methods, the number
of features and the nearest neighbours for ReliefF were also used as
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parameters during the Bayesian optimisation. The True Positive Rate
(TPR) for each class and the area under the ROC curve (AUC) were also
considered for binary classifiers. In contrast, for three-class problems,
only the ACC, MCC, and AUC for each class were evaluated.

Models were trained using three different sets of features:

1. Features extracted from the sustained vowel /a/.

2. Features extracted from the Italian word /aiuole/

3. Merge of the two sets of features 1) and 2). In this case, subjects
without one of the vocal tasks were removed.

This study addressed explainability by implementing transparent ML
algorithms (k-NN) and predictor importance as a post-hoc technique for
ensemble methods. The importance measure for each feature is
computed with a two-step procedure [65]. First, changes in the node risk
due to split are summed, where a change is defined as the difference
between the risk for the parent node and the total risk for the two
children. Then, the summation is divided by the total number of branch
nodes. For example, if a tree splits a parent node (node 1) into two child
nodes (nodes 2 and 3, respectively), then the algorithm increases the
importance of the split predictor according to Equation (1):

mp:(Rll;szRB) o)
branches

where imp is the feature importance, R; is the node risk of node i, and
Niranches i the total number of branch nodes. A node risk represents a
node error or node impurity weighted by the node probability. This is
expressed by Eq. (2)

Ri =P; X E; ()

where P; is the node probability of node i, and E; is either the node
error (for a tree grown by minimising the twoing criterion) or node
impurity (for a tree grown by minimising an impurity criterion, such as
the Gini index or the deviance) of node i.

Finally, a statistical analysis was performed for the F and the M co-
horts, considering the parameters the Al models retained after feature
selection. A Mann-Whitney test was used, with a level of significance o
= 0.05. These tests were performed to evaluate if statistical differences
exist between BLVF and UFVP. All the results related to the ML exper-
iments and the statistical analysis are reported in Section 3.

Table 4

Biomedical Signal Processing and Control 104 (2025) 107530

3. Results

This section reports the results of the classification experiments
described in Section 2.3. The acronym fsm denotes the feature selection
methods by which these performances were obtained, while the number
of features (nfeat) used to train the models are reported in brackets. In
the tables, the mean and the standard deviation (i and, respectively)
obtained with the cross-validation of the methods are reported for each
ML model. The results of the four experiments E1-E4 are presented in the
subsections 3.1-3.4, respectively.

3.1. El

In Table 4, the validation results obtained for the F and M datasets
considering the binary classification between BLVF and UVFP con-
cerning the E1 experiment are resumed in section 2.3). The performance
considering the three feature sets (/a/, /aiuole/ and /a/+/aiuole/) is
reported for both datasets. Only the models with the highest average
accuracy in cross-validation are reported. For both datasets, an
ensemble model obtained the highest performance. Fig. 1 reports the
predictor importance for both. Table 5 displays which acoustic param-
eters present a significant difference between BLVF and UVFP in the age-
unbalanced datasets for both female and male patients.

3.2. E2

Table 6 reports the results related to the ML models considering an
age-balanced dataset only for female patients diagnosed with BLVF and
UVFP (E2). A Mann-Whitney test showed that, for adult females, age
does not affect the difference between the two pathologies with p — value
= 0.1534. The subset comprises 61 subjects with BLVF and 43 subjects
with UVFP.

3.3. E3

Regarding the experiment on the classification of BLVF subclasses, i.
e., nodules, polyps, and cysts, Table 7 reports the results obtained during
the cross-validation (i.e., experiment E3, Section 2.3). Considering the
unbalanced number of cases for each class, the MCC was used as a metric
for the hyperparameter optimisation. Thus, the best model with the
highest MCC (micro-averaging procedure for a multi-class problem) was

Results of cross-validation (k-fold = 10) for the experiment E1 regarding the binary discrimination between BLVF and UVFP (indicating in the table their True Positive
Rate with TPRB'VF and TPRYVFP, respectively). In this experiment, all the subjects were considered without pre-processing according to age. Mean and standard
deviation (p + o) statistics regarding the validation performance are reported. The metric used for hyperparameter tuning is highlighted in bold. The hyperparameters

of the best models are also reported.

F dataset — E1

Feature set ACC (%) TPREMVF (%) TPRVV™ (%) MCC AUC (%) Model fsm (numfeat)
/a/ 76 £3 73+ 4 77 + 4 0.50 £+ 0.06 79 £11 AdaBoost Corr (21)
/aiuole/ 74+ 2 74+ 4 72+ 6 0.46 + 0.06 75+ 12 RobustBoost Corr (19)

/a/ + /aiuole/ 76 +£3 76 £5 79+ 4 0.55 £ 0.05 83+9 AdaBoost Corr(40)

Best F Model — E1

Model Type Learning rate Learning cycles Number of Leaves Number of Splits
AdaBoost /a/ 0.53 226 6 1

M dataset — E1

Feature set ACC (%) TPR®™VF (%) TPRV? (%) MCC AUC (%) Model fs (numfeat)

/a/ 81+2 84 +5 80+5 0.64 £ 0.05 86 + 14 RobustBoost MRMR (18)
/aiuole/ 73 + 4 58 +£ 10 80 +5 0.46 + 0.07 67 + 21 AdaBoost Corr (20)

/a/ + /aiuole/ 81+3 82+5 79+5 0.62 £+ 0.06 81 +£14 RobustBoost Corr (37)

Best M Model — E1

Model Type Robust error goal Learning cycles Number of Leaves Number of Splits
RobustBoost /a/ 0.44 152 2 80
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Fig. 1. Predictor Importance for the best ensemble models reported in Table 4 using Feature set /a/ both for F dataset (a) and M dataset (b).

Table 5
Statistical analysis results for acoustic parameters in E1.

F dataset — Significant features considered in the best model reported in Table 4

Feature p- BLVF — Median UVFP — Median
value (IQR) (IQR)

FO max /a/ [Hz] e-06 249 (89) 302 (110)

FO std /a/ [Hz] e-04 8(12) 14 (24)

F2 std /a/ [Hz] 0.001 59 (35) 75 (38)

Jitter /a/ [%] 0.007 0.98 (1.25) 1.42 (3.9)

F2 max /a/ [Hz] 0.01 1470 (267) 1522 (202)

Signal duration /a/ 0.02 3.8(2.1) 3.2(1.9)
[s]

F1 max /a/ [Hz] e-04 848 (177) 950 (252)

F1 std /a/ [Hz] 0.01 70 (36) 78 (52)

FO mean /a/ [Hz] e-04 189 (41) 209 (55)

M dataset — Significant features considered in the best model reported in Table 4
Feature p- BLVF — Median UVFP — Median

value (IQR) (IQR)
F1 std /a/ [Hz] e-07 38 (25) 66 (33)
Signal duration /a/ e-05 4.7 (2.3) 3.0(2.1)
[s]
F1 max /a/ [Hz] e-08 652 (137) 778 (105)
FO std /a/ [Hz] e-05 2.5(5.2) 7.7 (27.9)
NNE /a/ [dB] 0.01 —21(5) -19(13)
F1 mean /a/ [Hz] 0.01 547 (113) 598 (105)
Jitter /a/ [%] e-04 0.84 (0.83) 3.02 (12.64)
F2 std /a/ [Hz] e-05 40 (18) 57 (33)
F2 max /a/ [Hz] 0.001 1195 (115) 1271 (194)
Table 6

selected. Only the details relative to the best models are reported in
Table 7 for the F dataset and all of the feature sets considered. Moreover,
considering the multi-class case, each subclass’s AUC values are also
reported. Finally, the M dataset was not considered for this analysis
since the number of nodules recorded was too small (2 subjects).

3.4. E4

As reported in Section 2.3, the possibility of discriminating between
pre- and post-treatment by ML models was evaluated. The results related
to the former experiment (E4, Section 2.3) are reported in Table 8. In
this case, in the “pre” class, both the BLVF and UVFP recordings were
considered. As for the experiment reported in Table 7, the MCC metrics
were used during the hyperparameters optimisation. Only the models
with the highest average MCC obtained during cross-validation are re-
ported. This analysis was performed for the F and M datasets, consid-
ering all the feature sets (/a/, /aiuole/, and /a/+/aiuole/). As for the
results reported in Table 4, the predictor importance for both datasets is
shown in Fig. 2.

To investigate possible relationships between AI model output and
perceptual evaluation, only the models with the highest accuracy shown
in Table 8 were considered for both datasets.

For the F group, a Mann-Whitney test highlighted that G, R, and B
indices were significantly different between correctly classified and
misclassified recordings of the /aiuole/ vocal task with p — value = 0.02,
p —value = 0.001, and p — value = 0.003, respectively. Fig. 3 displays the
distribution of the perceptual assessment indices.

Moreover, a significant difference was also found for the B index
relative to the /a/ vocal task with p—value = 0.01. Fig. 4 shows the

Results of cross-validation (k-fold = 10) for the experiment E2 regarding the binary discrimination between BLVF and UVFP on a balanced version of F dataset ac-
cording to age. Mean (p) and standard deviation (o) statistics regarding the validation performance are reported. The metric used for hyperparameter tuning is

highlighted in bold. The hyperparameters of the best model are also reported.

F dataset balanced according to the age — E2

Feature set ACC (%) TPRVF (%) TPRUV?? (%) MCC AUC (%) Model fsm (nfeat)
/a/ 77 + 4 80+ 4 71 +8 0.52 + 0.08 82 +11 AdaBoost Corr (21)
/aiuole/ 69 + 2 78+ 9 53 +11 0.41 + 0.08 69 + 19 RobustBoost Corr (20)
/a/ + /aiuole/ 72+5 78 £6 68 + 10 0.48 + 0.09 77 £17 AdaBoost Corr (41)

Best F Model — E2
Model Type Learning rate Learning cycles
AdaBoost /a/ 0.65 294

Number of Leaves Number of Splits
2 2
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Table 7

Results of cross-validation (k = 10) for the experiment E3, on the F dataset regarding the possibility to discriminate among the sub-classes representing BLVF: nodules
(acronym = n), polyps (p) and cysts (c). For each class, the AUC values are reported. Mean (i) and standard deviation (o) statistics regarding the validation per-
formance are reported. The metric used for hyperparameter tuning is highlighted in bold. The hyperparameters of the best model are also reported.

F dataset — E3

Feature set ACC (%) MCC AUC" (%) AUCP (%) AUCS (%) Model fsm (nfeat)
/a/ 51+9 0.26 = 0.07 57 £9 64 £5 41 £ 16 AdaBoost Corr (22)
/aiuole/ 60 +3 0.34 + 0.06 70 + 21 62+5 64+8 AdaBoost Corr (19)
/a / + /aiuole/ 54 +10 0.32 £ 0.10 73 £ 20 59 +£17 64 +8 SVM ReliefF(34)

Best F Model — E3

Model Type Learning rate Learning cycles Number of Leaves Number of Splits
AdaBoost /aiuole/ 0.51 264 9 26
Table 8

Cross-validation results related to binary pre vs. post evaluation (experiment E4). In this case, the pre-class merges the observations for the two groups considered
(BLVF and UVFP), and the post-class represents the recording related to the post-treatment analysis for both groups. Mean (p) and standard deviation (o) statistics
regarding the validation performance are reported for F and M datasets. The metric used for hyperparameter tuning is highlighted in bold. The hyperparameters of the
best models are also reported.

F dataset — E4

Feature set ACC (%) TPRP™ (%) TPRP*! (%) MCC AUC (%) Model fsm (nfeat)
/a/ 76 +3 84 +4 57+8 0.45 + 0.05 78 £10 RobustBoost ReliefF (9)
/aiuole/ 75+ 2 85+ 4 53+5 0.43 + 0.05 75+ 12 RobustBoost Corr (20)
/a/ + /aiuole/ 77 £ 4 83+7 64+ 6 0.52 £+ 0.07 81 +11 RobustBoost ReliefF(8)

Best F Model — E4
Model Type Learning rate Learning cycles Number of Leaves Number of Splits
AdaBoost /a/+/aiuole/ 0.42 125 24 1

M dataset — E4

Feature set ACC (%) TPRP™ (%) TPRP** (%) MCC AUC (%) Model fsm (nfeat)
/a/ 71+5 81 +3 55+ 8 0.46 + 0.05 72+ 14 RobustBoost MRMR (9)
/aiuole/ 72+3 76 + 4 68+ 7 0.48 + 0.06 74 +£13 RobustBoost ReliefF (6)
/a/ + /aiuole/ 70 £5 71+ 4 65+ 6 0.40 £+ 0.09 66 £ 16 RobustBoost MRMR (11)

Best M Model — E4
Model type Robust error goal Learning cycles Number of Leaves Number of Splits
RobustBoost /aiuole/ 0.30 218 4 58

FOmax-aiuole

NNE-aiuole

FOmax-a 1
FOmean-aiuole

FOstd-a ]
F3Std-aiuole ] FOmin-aiuole

FOstd-aiuole 1

FOstd-aiuole

TOFOmax-aiuole
Jitter-aiuole

TOFOmin-aiuole

TOFOmax-aiuole

NNE-aiuole 1
0 0.5 1 1.5 2 25 3 35 4 0 0.5 1 1.5 2 25 3 35 4 4.5
Predictor Importance %1073 Predictor Importance %1073
(a) F dataset (b) M dataset

Fig. 2. Predictor Importance for the best ensemble models reported in Table 8 regarding the pre- vs post-treatment analysis using feature set /a/+/aiuole/ for the F
dataset (a), and feature set /aiuole/ for the M dataset (b).

distribution of its values across correctly classified and misclassified /aiuole/ classifier did not present any significant difference in G, R, and
post-treatment recordings. B indices compared with correctly identified observations.
For the M group, the misclassified recordings extracted from the As reported in Table 8, the best models obtained the lowest TPR for
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(a) G values distribution.
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Fig. 3. Distribution of G, R, and B index values across correctly classified and misclassified observations from Table 8 best classifiers for the F dataset.

Breathiness B
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Misclassified
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Fig. 4. Distribution of B index values across correctly classified and mis-
classified observations from Table 8 best classifiers for the M dataset.

the post-class for both the female and male datasets. The highest clas-
sification error was related to the UVFP in most cases. The best model of
the Female dataset misclassified 27 observations. Their pre-treatment
classes were UVFP (56 %, 18 cases), nodules (3 %, 1 case), polyps (25
%, 8 cases) and cysts (15 %, 5 cases). The best model of the Male dataset
misclassified 19 cases. Their pre-treatment classes were UVFP (95 %, 18
cases) and polyps (5 %, 1 case).

Finally, Table 9 displays which acoustic parameters present a sig-
nificant difference between pre- and post-treatment conditions for fe-
male and male patients.

4. Discussion

This paper proposes four machine learning experiments for voice
pathology identification and characterisation based on acoustic features
extracted from the sustained vowel /a/ and the Italian word /aiuole/. A
focus on model interpretation is provided as well to:

e Evaluate the implicit role of age in the classification performance
between E1 and E2.

o Highlight the predictors’ importance and level of agreement with
statistical analysis when comparing two (BLVF vs UVFP, E1) and
three (nodules, polyps, cysts, E3) pathologies and the pre-post
condition.

Table 9
Statistical analysis results for acoustic parameters in E4.

F dataset — Significant features considered in the best model reported in Table 8

Feature p-value PRE — Median (IQR) POST — Median
(IQR)
FO max /aiuole/ e-09 286 (131) 223 (65)
[Hz]
FO max /a/ [Hz] e-10 270 (99) 212 (48)
FO std /a/ [Hz] e-10 11 (19) 4 (6)
F3 std /aiuole/ e-5 387 (137) 459 (161)
[Hz]
FO std /aiuole/ e-10 28 (32) 17 (20)
[Hz]

M dataset — Significant features considered in the best model reported in Table 8

Feature p-value PRE — (IQR) POST — Median
Median (IQR)
NNE /aiuole/ [dB] 0.03 -17(7) -18 (7)

e Examine possible relationships between the output of the Al models
and the GRB perceptual evaluation in the post-treatment condition
(E4).

e Underline which “pre” classes were mostly misclassified in the pre-
post experiment (E4).

El vs E2 classification comparison aims to highlight implicit bias
introduced by age in the analysis, i.e., to understand how this factor may
influence classification outcome. This study was performed on adult
females only as some pathologies, especially nodules, present a strong
gender-dependent prevalence [66]. Results in Tables 6 and 4 show that
model accuracy does not improve when considering a subset where age
does not significantly differ between BLVF and UVFP. Ageing influences
vocal properties directly, supported by both statistical analysis [67-69]
and Al-based methods [70], but the similar age distribution in our
dataset and the chosen tasks might have reduced this effect. For /aiuole/
, the accuracy changes from 69 % of balanced E2 to 74 % of unbalanced
El. Thus, an articulation task seems more sensitive to age than a sus-
tained vowel. However, Spazzapan et al. [71] demonstrated that, for
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female subjects, both sustained phonation and speech tasks highlighted
statistical differences between age groups. Therefore, it seems implau-
sible that one of the two tasks performs better in identifying UVFP than
BLVF or vice versa due to a direct influence of age on vocal properties.

According to these results, we have performed further analyses for
both genders on the unbalanced dataset only.

For the F dataset, the concurrent use of the acoustic features of /a/
and /aiuole/ did not bring relevant improvements. Indeed, as Table 4
illustrates, the accuracy is the same (76 %). The /a/+/aiuole/ classifier
presents a higher AUC value than the /a/ one. However, such a result
was obtained with a larger number of features (40 vs 21). Therefore,
further examination and importance analysis of the predictor was per-
formed on the /a/ classifier. The analysis of just the simple utterance /a/
, as well as reducing the number of parameters, could be helpful for
clinicians. The acoustic features extracted from the sustained vowel gave
a higher TPR for the UVFP class, confirming our previous outcome in
[49]. This result can be of clinical relevance as a higher sensitivity in
detecting vocal fold paralysis reduces the possibility that false-positive
patients undergo long and expensive diagnostic procedures such as CT
or MRI [72]. Unexpectedly, Fig. 1a shows that the most relevant pa-
rameters in distinguishing BLVF and UVFP are the fundamental fre-
quency FO and its instability FOstd. Indeed, the vocal folds dynamic is
quite different between these two pathologies. Moreover, the standard
deviation of F2 was considered relevant by the AdaBoost model. Indeed,
the second formant is related to the degree of constriction of the tongue
movements [46]. This result may suggest otolaryngologists the use of
imaging techniques such as ultrasonography or electromyography to
track its activity to support and validate their diagnosis or treatment
monitoring. The statistical analysis results in Table 5 show that the three
most relevant parameters are also significant. UVFP presents higher
values for the maximum FO, FO std, and F2 std than BLVF, which may
underline higher vocal fatigue and instability [73].

For the M dataset, E1 highlighted results similar to those of the F
group. Considering the feature sets of both vocal tasks did not lead to
performance improvements. The best classifier, in terms of accuracy,
AUC, and number of parameters, was the RobustBoost using the feature
set /a/. It is characterised by high TPR values for both BLVF and UVFP,
84 % and 80 %, respectively. Table 4 also shows a relevant result already
found in [49]. For male adults, it seems that the sensitivity of voice
pathology identification depends on the vocal task. Indeed, with the
acoustic features of /a/, the TPR for benign lesions is higher than with
the parameters of /aiuole/ (84 % vs. 80 %). In contrast, with the metrics
of.

/aiuole/, the TPR for vocal fold paralysis is relevantly higher for the
features of /a/ (80 % vs 58 %). A similar hypothesis was tested by
Hosokawa et al. [74], showing that connected speech was better
correlated with perceptual assessments than sustained phonation.
However, this analysis was carried out between dysphonic and normo-
phonic subjects rather than between different pathologies, as in the
present work. Nevertheless, this result suggests that some vocal tasks
might be more appropriate for diagnosing and detecting specific voice
disorders. However, our classification outcome must be taken cautiously
as the size of the M dataset is lower than the F one.

Interestingly, the most relevant acoustic feature for the E1 con-
cerning the male group is the standard deviation of the first formant
(Fig. 1b), which may be related to a difference in the instability of
pharynx positioning and the degree of constriction [46]. Also, the
overall signal duration, which can be considered an indicator of a pa-
tient’s maximum phonation time, could represent a relevant clinical
parameter to facilitate the diagnosis. Finally, the fundamental frequency
appears to be the third most relevant parameter for distinguishing the
pathologies considered in the M group compared to the F dataset.
Overall, Fig. 1a and 1b show an agreement for both M and F datasets
between acoustic parameters capable of separating BLVF and UVFP.
However, the gender-specific relevance order in the predictor impor-
tance outcome suggests a distinct relationship between acoustic
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parameters and voice pathology that could be due to direct morpho-
logical differences in vocal fold and vocal tract structures. Finally,
Table 5 shows that F1 std and signal duration significantly differ be-
tween BLVF and UVFP for the M dataset. The instability of the pharynx
configuration is higher for the UVFP class. This result could still reflect
greater vocal fatigue for patients diagnosed with such a pathology,
whereas phonation capabilities are worse, likely determined by glottal
insufficiency. Notably, the FO variation between BLVF and UVFP was
not significant. This could be due to the small size of the available male
dataset. The E1 achieved the best performance with the acoustic features
extracted from /a/.

To improve the generalisability of the results, more data should be
acquired so that future research may also analyse if and how further
acoustic parameters can improve this outcome and assess their rele-
vance in the classification task. Moreover, additional observation should
allow a correlation study with perceptual evaluation in the case of non-
physiologically explainable features. Finally, the result of E1 opens the
possibility of using such a model with other well-established voice pa-
thology databases to test its robustness and to carry out cross-domain
classification experiments. Indeed, sustained vowels are relatively in-
dependent of dialects and even language [1].

Due to the small M dataset sample size concerning nodules and cysts,
E3 was performed for female patients only. Generally, Table 7 demon-
strates a noticeably lower performance than the E1 and E2 classification
outcomes. The highest accuracy was achieved for the AdaBoost /aiuole/
classifier with a value of 60 %, which aligns with the results of Marchese
et al. [36]. The AUC for nodules (70 %) is higher than those for polyps
and cysts (62 % and 64 %), which could indicate that the acoustic fea-
tures of /aiuole/ may be sensitive to the dimensions of vocal fold masses.
Indeed, Rostampourgonbki et al. [75] proved that fundamental fre-
quency, jitter, and noise measures significantly differ between nodules,
polyps, and cysts in female patients. However, this was not verified with
predictor importance analysis due to the small sample size. Notably,
even if the task, as well as the deployed data, is different, the best
classifier in E3 presents a larger number of leaves and, mostly, a greater
depth due to a higher number of splits than the best classifier in E1
(Table 7 vs Table 4, respectively). This result underlines that a more
complex model was trained to perform this task, achieving moderate
accuracy and MCC. Future research will address such problem.

In the overall pre-post comparison expressed in E4, the best model
for the F dataset was an /a/+/aiuole/ RobustBoost classifier with a high
accuracy of 77 %. Table 8 shows that the TPR for the pre-class was
slightly worse and less stable with respect to the TPR of the /a/ classifier
(83 = 7 % vs 84 + 4 %). However, the TPR for the post-class is higher
(64 % vs 57 %). Therefore, the concurrent use of acoustic features
extracted from different vocal tasks helped improve the sensitivity to
detect post-treatment subjects. Even if TPRP*! is relatively low, TPRP™ is
promising. A high value means that, with the selected features, models
tend to classify post-treatment recordings as pre treatment ones and not
vice versa. Indeed, a patient diagnosed with a voice disorder is not
considered a voice-recovered subject. Therefore, this model could
reduce the possibility of under- or misdiagnoses. This could help clini-
cians monitor and evaluate the progress of therapies. Indeed, a post-
treatment subject classified as a pre-treatment one could indicate a
poor outcome of the intervention itself. Fig. 2a highlights that relevant
acoustic features were extracted from the /aiuole/ vocal task, with the
most important one being the maximum of the fundamental frequency.
Hence, the subsequent articulation of four vocalic sounds could be a
biomarker to detect a low voice quality after treatment. Moreover, vocal
fold vibratory patterns expressed by FO-related metrics represent a
meaningful characteristic that otolaryngologists should consider to
assess the difference before and after therapy. Interestingly, all relevant
metrics are related to the fundamental frequency except for the noise
measure NNE extracted from /aiuole/. Therefore, E4 misclassified ob-
servations were further examined: firstly, it was investigated which class
presented the highest error rate, then we performed a comparison



F. Cala et al.

between classification errors and perceptual assessment of post-
treatment voices to discover possible agreement between the results
obtained with the proposed Al methods and the perceptual evaluation
(Figs. 3 and 4). The first analysis highlighted that the most misclassified
class was the UVFP. In our dataset, this pathology was surgically treated
with a lipofilling procedure, which can reduce vocal fatigue with an easy
and minimally invasive operation. Nonetheless, since it does not inter-
vene on muscles or nerves, the motility of vocal folds is not entirely
restored. Subsequently, voice quality might not be relevantly improved
compared with the overall pre-treatment class. Fig. 3a seems to confirm
this result, as a larger number of post-treatment recordings rated as more
severe for the dysphonia grade G were misclassified as the pre-class.
Similar considerations can be made for roughness and breathiness in-
dexes (Fig. 3b and 3c). Moreover, the NNE extracted from /aiuole/ was
relevant to distinguish pre- and post-treatment audio samples (Fig. 2a).
Similarly, the R-value of misclassified observations was significantly
higher with respect to correctly identified ones. It denotes a possible
agreement between perceptual assessment and the classification
outcome. It could also confirm that the NNE parameter is related to the R
index of the GRB scale [76], similarly to the HNR [77]. Finally, Fig. 4
shows that breathiness B values for /a/ are higher for misclassified ob-
servations. Breathy voices typically characterise UVFP due to an
incomplete glottic closure. Hence, the results of our model could un-
derline a classification rule based on the UVFP pathophysiology.

In the future, it will be important to perform binary classification
experiments to assess voice quality pre- and post- treatment for the BLVF
and UVFP classes separately.

Table 8 shows that the best classifier for the M dataset was the
RobustBoost model trained with the acoustic features of /aiuole/ only.
Indeed, even if TPRP™ is lower with respect to the /a/ model (76 % vs.
81 %), the TPRP*! is notably higher (68 % vs. 55 %). This means that
fewer pre-treatment voice samples are misclassified as post-treatment
ones. From Fig. 2b, the best acoustic metrics were NNE and funda-
mental frequency. Hence, noise level and vocal fold dynamics differ in
the pre- and post-condition. No significant variation was identified in
GRB values that might reveal an agreement between Al and perceptual
assessment, possibly because the number of misclassified observations
was too low to carry out a reliable statistical test. Indeed, when looking
for the class that presented the highest error rate, it was found that the
overall number of mistakes was equal to 19, out of which 95 % were
UVFP. This confirms F dataset results: when considering BLVF and
UVFP, models might face greater difficulty separating pre- and post-
treatment recordings due to the different surgical operations adopted
[78]. Such an outcome could be reflected and explained by the relevance
of FO as the surgical removal of vocal fold masses effectively restores
their physiological motility. However, more data from a male cohort is
needed to validate this outcome and hypotheses.

Differently from the predictor importance analysis displayed in
Fig. 1, Fig. 2 shows that the pre/post-treatment models have considered
alternative relevant features to separate the two classes, which, addi-
tionally, are also derived from the other vocal task /aiuole/, especially
for the M dataset. This might indicate, again, time-intrinsic differences
due to structural factors. Moreover, the difference between E1 and E4
predictor importance outcomes may suggest that the relevant features
for voice pathology recognition are not fully identical to those for pre/
post-treatment voice quality separation. Therefore, such acoustic pa-
rameters should not be used interchangeably for these classification
experiments and, possibly, in clinical practice.

5. Conclusion

This paper proposes combining Al techniques and acoustic analysis
to perform four experiments concerning the classification of BLVF and
UVFP, the classification of nodules, polyps, and cysts, and the charac-
terisation of pre- and post-treatment voice samples. The accuracy of the
binary BLVF and UVFP classification experiment is high for both female
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and male datasets. Moreover, patients’ age does not seem to bias the
outcome, even if it is known that UVFP presents a higher disease onset
than BLVF. Interestingly, pathology sensitivity is higher for UVFP than
for BLVF female patients, which may be a clinically relevant result due
to UVFP greater severity. On the other hand, sensitivity seems to be
vocal task-dependent for M patients. Predictor importance highlighted a
set of physiologically explainable parameters, with fundamental fre-
quency and first formant variability being the most relevant and sig-
nificant in the female and male databases. The three-class problem
concerning the discrimination between nodules, polyps, and cysts ob-
tained a rather low performance, achieved with /aiuole/ acoustic fea-
tures, and it was performed for the female dataset only. In the future,
more data is needed to understand whether this distinction between
benign lesions is feasible and to reliably and robustly apply post-hoc
explainability techniques. Finally, the pre/post-treatment experiment
also showed a promising performance and a good agreement with the
perceptual assessment, meaning that post-treatment samples mis-
classified as pre-treatment presented significantly worse GRB rates.
However, the higher error rate for UVFP patients suggested that the
pathologies considered in this study should be analysed separately to
obtain a more comprehensive evaluation of surgical treatment
efficiency.

In the future, this approach could be applied to a broader range of
voice disorders to identify pathologies whose differential diagnosis still
presents difficulties (e.g., spasmodic dysphonia and muscle tension
dysphonia). Moreover, it could investigate the employment of addi-
tional acoustic parameters and the role of the time distance between
surgery and voice recording for evaluating classification errors.
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